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ABSTRACT6
Multi-angle and multi-polarization L-band microwave observations from the Soil Moisture7
Ocean Salinity (SMOS) mission are assimilated into the Goddard Earth Observing System8
version 5 (GEOS-5) land surface model, using a spatially distributed ensemble Kalman filter.9
A variant of this system is also used for the Soil Moisture Active Passive (SMAP) Level 410
soil moisture product. The assimilation involves a forward simulation of brightness tempera-11
tures (Tb) for various incidence angles and polarizations, and an inversion of the differences12
between Tb forecasts and observations into updates to modeled surface and root-zone soil13
moisture, as well as surface soil temperature. With SMOS Tb assimilation, the unbiased14
root-mean-square difference between simulations and grid-cell-scale in situ measurements15
in a few US watersheds during the period of 1 July 2010 - 1 July 2014 is 0.034 m3/m316
for both surface and root-zone soil moisture. A validation against grid-cell-scale measure-17
ments and point-scale measurements from sparse networks in the US, Australia and Europe18
demonstrates that the assimilation improves both surface and root-zone soil moisture results19
over the open loop (no assimilation) estimates in areas with limited vegetation and terrain20
complexity. At the global scale, the assimilation of SMOS Tb introduces mean absolute21
increments of 0.004 m3/m3 to the profile soil moisture content and 0.7 K to the surface soil22
temperature. The updates induce changes to energy fluxes and runoff amounting to about23
15% of their respective temporal standard deviation.24
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1. Introduction25
Soil moisture, soil temperature and vegetation are important land surface variables in26
the global weather and climate system. Root-zone soil moisture in particular determines27
the water availability to plants and the partitioning of water into infiltration, runoff, and28
evapotranspiration. Estimating root-zone soil moisture at the global scale, however, remains29
a major challenge.30
Global estimates of surface soil moisture can be inferred from satellite-based low fre-31
quency passive microwave observations collected by, for example, the current Advanced Mi-32
crowave Scanning Radiometer 2 (AMSR2) instrument (Imaoka et al. 2010), the Soil Moisture33
Ocean Salinity (SMOS) mission (Kerr et al. 2010), the Aquarius mission (Le Vine et al. 2007)34
and the Soil Moisture Active Passive (SMAP) mission (Entekhabi et al. 2010b). However,35
the utility of spaceborne radiometry is constrained by the limited vertical penetration depth,36
the coarse spatial resolution, the indirect connection to relevant land surface variables and37
the intermittent nature of the measurements.38
The assimilation of passive microwave measurements, i.e. brightness temperatures (Tb),39
into land surface models has the potential to add value to these satellite data by (i) increasing40
the effective vertical penetration depth though propagation of surface information to the root-41
zone (Galantowicz et al. 1999; Crow and Wood 2003), (ii) increasing the spatial resolution42
through dynamic downscaling (Reichle et al. 2001a), (iii) increasing the spatial and temporal43
coverage by interpolation and extrapolation to unobserved times and locations (Reichle and44
Koster 2003) and (iv) providing enhanced and consistent estimates of various land surface45
state and flux estimates (Crow and Wood 2003). The objective of this paper is to study these46
benefits, with exclusion of the spatial downscaling (topic of future research), through the47
direct and joint assimilation of multi-angle and multi-polarization SMOS Tb into a carefully48
designed global modeling and assimilation system.49
Traditionally, Tb measurements are inverted to soil moisture products prior to use in land50
surface model applications. The assimilation of soil moisture retrievals in large-scale studies51
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has been beneficial to improve surface and root-zone soil moisture (Reichle and Koster 2005;52
Liu et al. 2011; Pan et al. 2012; Draper et al. 2012; De Lannoy et al. 2014c), as well as53
other land surface variables (Peters-Lidard et al. 2011; Lievens et al. 2015). However, soil54
moisture retrievals may be inconsistent with model simulations, as they may utilize different55
land surface parameters and background information including, for example, vegetation,56
soil texture and surface temperature. Furthermore, errors in retrievals will be correlated to57
errors in the auxiliary (e.g. temperature) information, which in turn can be expected to58
be correlated with the background information used in the data assimilation system. Such59
resulting error cross-covariances are usually ignored in retrieval assimilation.60
It is thus natural to consider a direct assimilation of Tb observations into land surface61
models. Kalman filters have been used to assimilate Tb at various spatial scales, using either62
synthetic data (Entekhabi et al. 1994; Reichle et al. 2001a; Wilker et al. 2006; Han et al.63
2013; Kumar et al. 2015; Carrera et al. 2015) or radiometer data (Galantowicz et al. 1999;64
Margulis et al. 2002; Crow and Wood 2003; Huang et al. 2013; Loew et al. 2009; Zhang65
et al. 2011). Variational Tb assimilation has also been a popular technique (Reichle et al.66
2001b; Pathmathevan et al. 2003; Balsamo et al. 2006; Jia et al. 2013; Zhao et al. 2013). The67
crucial component in these Tb assimilation systems is the inclusion of a radiative transfer68
model (RTM) as the observation operator to connect the soil moisture, soil temperature and69
vegetation characteristics from the land surface model with Tb predictions.70
The current paper explores the joint assimilation of SMOS Tb observations at multiple71
incidence angles, polarizations and locations at the global scale. While small scale and72
synthetic studies have been promising, there can be several reasons why the theoretically73
more attractive direct assimilation of Tb data may not add the expected value for global74
applications in practice (e.g. Joiner and Dee (2000) for atmospheric applications). The75
benefit of Tb assimilation in continually improving modeling systems depends on a careful76
treatment of errors in the assimilation system, which may be complex in large systems that77
simultaneously assimilate multiple observations.78
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The modeling and assimilation system used in this paper is the Goddard Earth Observ-79
ing System version 5 (GEOS-5) land data assimilation system with the Catchment model80
(CLSM, Koster et al. (2000)) as the land surface model. The GEOS-5 land data assimi-81
lation system uses the ensemble Kalman filter (EnKF) and has been used to assimilate a82
variety of remotely sensed observations separately (Reichle et al. 2014). Recent upgrades83
to the modeling system include developments in both the land surface model and L-band84
radiative transfer model (Reichle et al. 2011; De Lannoy et al. 2013, 2014a,b). A variant of85
this system is used for the operational SMAP Level 4 Surface and Root Zone Soil Moisture86
(L4 SM) product (Entekhabi et al. 2014) and this paper can be seen as a first assessment of87
the system for soil moisture estimation through Tb data assimilation.88
The main differences between the multi-angular Tb SMOS data assimilation presented89
in this paper and the SMAP Tb data assimilation performed for the L4 SM product pertain90
to the nature of the assimilated Tb observations and the difference in spatial resolution of91
the end products. SMAP data are collected at one incidence angle and with a relatively92
small instrument error standard deviation (∼1.3 K). In contrast, SMOS provides brightness93
temperature observations at a range of incidence angles, albeit with a higher instrument error94
standard deviation (∼4 K). The SMOS soil moisture retrieval algorithm thus uses multi-95
angular data (Wigneron et al. 2007; Kerr et al. 2012), as does the assimilation algorithm96
presented here. Moreover, the estimates from the assimilation system in the present paper97
are at 36 km resolution, whereas the SMAP L4 SM product provides estimates at 9 km98
resolution.99
Section 2 describes the GEOS-5 CLSM and L-band microwave RTM as well as the SMOS100
observations and ground validation data. Section 3 discusses the data assimilation system,101
section 4 lists the experiments and validation metrics, and section 5 presents the results.102
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2. Observations and Model103
a. SMOS Brightness Temperature (Tb) Observations104
The SMOS mission provides global Tb data at a nominal (3 dB) spatial resolution of105
43 km and with global coverage (at either 6:00 am or 6:00 pm local time, i.e. ascending106
or descending half-orbits, separately) approximately every 3 days. The Microwave Imaging107
Radiometer with Aperture Synthesis (MIRAS) onboard SMOS is an interferometric sensor108
and provides multi-angular Tb data at each observed location. Here, we assimilate the multi-109
angular, horizontally (H) and vertically (V) polarized Tb observations during the period 1110
January 2010 through 1 July 2014 and we analyze the results from 1 July 2010 through 1111
July 2014. The data are extracted from the MIR SCLF1C product, with processor version112
504 for the years 2010 and 2011, and version 505 from January 2012 onwards.113
The various steps involved in the processing of the multi-angular SMOS Tb data are114
described in De Lannoy et al. (2013) and De Lannoy et al. (2015). The SMOS SCLF1C data115
are transformed by geometric and Faraday rotation from brightness temperature at the top116
of the ionosphere and in the antenna reference frame to brightness temperature at the top of117
the atmosphere and on an Earth-fixed grid. Most importantly, the data are screened exten-118
sively using both product-based data quality information and model-based quality control119
rules (e.g. detection of frozen conditions or heavy precipitation). We limit the Tb data to120
the exclusively alias-free zone, which leads to relatively narrow swaths and consequently a121
lower revisit frequency (i.e. global coverage approximately every 6 days for either ascending122
or descending orbit direction). Data contaminated by radio frequency interference (RFI) are123
removed when Tb>320 K or guided by product-based flags. Furthermore, the data are spa-124
tially mapped onto the 36 km Equal-Area Scalable Earth Grid version 2 (EASEv2, (Brodzik125
et al. 2014)) and binned per 1o incidence angle. For example, an observation at 40o represents126
the average of all data with incidence angles between 39.5o and 40.5o. We assimilate swaths127
of both H- and V-polarized Tb data at 7 select incidence angles simultaneously: θ=[30o, 35o,128
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40o, 45o, 50o, 55o, 60o]. This range of angles adequately samples the angular signature in the129
brightness temperature signal. Observations at lower incidence angles are not assimilated130
because of quality concerns in the data version used here (Mart´ın-Neira et al. 2012).131
Regardless of the incidence angle, a circular footprint with a 0.22o radius is assumed,132
which approximates the area of a 36 km EASEv2 grid cell. This is a simplified approach to133
the actual field of view which is determined by a spatially variable antenna pattern: about134
50% of the signal (3 dB) originates from a 43 km×43 km area, whereas the rest of the signal135
(with a reduced weight) comes from a larger surrounding area. The weighting by the antenna136
pattern is included in future SMOS assimilation research and is also implemented for the137
SMAP L4 SM product.138
b. GEOS-5 Land Surface and Radiative Transfer Model139
The simulation of Tb involves (i) land surface modeling with the GEOS-5 Catchment140
land surface model (CLSM, Koster et al. (2000)) and (ii) L-band radiative transfer modeling141
(RTM) with a tau-omega model (De Lannoy et al. 2013, 2014b). All simulations are per-142
formed with a 7.5 minute integration time step, and the computational elements (or tiles)143
of the modeling system correspond to the 36 km EASEv2 grid cells.144
The CLSM version used here is based on the Fortuna 2.5 version of the Modern-Era145
Retrospective analysis for Research and Applications with improved Land surface variables146
(MERRA-Land, Reichle et al. (2011)), except here we use the 5 cm surface soil moisture147
layer depth, the new soil parameterization and the minor code changes of De Lannoy et al.148
(2014a). The surface layer thus extends from the surface to a depth of 5 cm, the root-zone149
layer from the surface to a fixed depth of 1 m and the depth of the entire soil profile varies in150
space between a global minimum of 1.3 m and a maximum of 8.7 m. Surface meteorological151
forcing data at a 1/2o×2/3o spatial and hourly temporal resolution are taken from MERRA152
(Rienecker et al. 2011) and bilinearly interpolated to the EASEv2 grid. In some experiments153
(see later, section 4), the MERRA precipitation is corrected with gage-based precipitation154
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from the National Oceanic and Atmospheric Administration (NOAA) Climate Prediction155
Center “Unified” (CPCU) precipitation product (Reichle 2012; Reichle and Liu 2014).156
For each computational element, the CLSM model uses three prognostic variables –157
catchment deficit (catdef), root-zone excess (rzexc) and surface excess (srfexc) – to determine158
the equilibrium soil moisture profile and deviations from the equilibrium profile in the surface159
and root-zone. The diagnostic surface soil moisture content (sfmc, 0-5 cm) and root-zone160
soil moisture content (rzmc, 0-100 cm) are calculated from these three prognostic variables161
along with the saturated, unsaturated and wilting areas within the tile. In the absence of162
snow, the surface skin temperature is determined by the area-weighted average temperature163
across the saturated (tc1), unsaturated (tc2) and wilting (tc4) sub-tile areas. Finally, the164
ground heat content (ght1) model prognostic variable determines the soil temperature in165
the uppermost soil layer (tp1). Further details about the model variables can be found in166
Reichle (2012), with the difference that the surface soil moisture depth is 5 cm in this paper.167
The soil moisture, soil temperature, air temperature and climatological vegetation dy-168
namics in the CLSM are used as inputs to the diagnostic zero-order (tau-omega) microwave169
RTM to simulate L-band Tb. Because RTM parameters strongly impact the climatology of170
simulated Tb, some key RTM parameters were calibrated by minimizing the bias in the mean171
and variance between long-term SMOS Tb observations and Tb simulations across a set of172
incidence angles, polarizations and overpass times (De Lannoy et al. 2013, 2014b). Conse-173
quently, the calibrated Tb simulations still show some residual bias at individual incidence174
angles, polarizations or overpass times, and the bias typically shows a seasonal evolution.175
Section 3b discusses how these shorter-term biases are addressed inside the assimilation sys-176
tem. Grid cells without sufficient historical SMOS data for RTM calibration are assigned177
RTM parameter values based on their dominant vegetation class. These nominal parame-178
ter values are calculated as global averages across all calibrated pixels per vegetation class,179
excluding areas where the soil is classified as peat. In this study, the RTM calibration is180
done over the same 4-year period as the assimilation experiments. The calibration minimizes181
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climatological biases (De Lannoy et al. 2013), whereas the assimilation addresses random182
(or short term) errors.183
c. Ground Validation Data184
The assimilation results are validated during the period 1 July 2010 - 1 July 2014, using185
independent in situ observations of surface and root-zone soil moisture, as well as surface soil186
temperature from sparse networks in the US, Australia and Europe, and from intensively187
monitored validation watersheds (Entekhabi et al. 2014) in the US. All data are subjected to188
intensive quality control to remove irregularities or sensor trends as discussed in Entekhabi189
et al. (2014) and De Lannoy et al. (2014a).190
The sparse networks include the US Natural Resources Conservation Service (NRCS,191
Schaefer et al. (2007)) Soil Climate Analysis Network (SCAN), the US Climate Reference192
Network (USCRN, Diamond et al. (2013); Bell et al. (2013)), the Oznet network in Aus-193
tralia’s Murrumbidgee catchment (Smith et al. 2012) and the Soil Moisture Observing System194
- Meteorological Automatic Network Integrated Application (SMOSMANIA) in France (Al-195
bergel et al. 2008; Dorigo et al. 2011). The advantage of SCAN and USCRN is that they offer196
extensive ground data of soil moisture and temperature in both the surface and root-zone197
and across a variety of climatological conditions and land surface characteristics. The Oznet198
and SMOSMANIA sites cover a smaller domain, but complement the validation in different199
continents.200
Surface soil moisture measurements are taken at approximately 5 cm depth. For SCAN201
and USCRN sites, root-zone soil moisture measurements are a weighted average of measure-202
ments at 5 cm, 10 cm, 20 cm and 50 cm depth. For Oznet and SMOSMANIA sites, root-zone203
measurements are extracted at 45 cm and 30 cm depth, respectively, for lack of sufficient204
data in other layers. For SCAN and USCRN, sites missing data in any of the root-zone layers205
are excluded, even if good surface measurements would be available for surface soil moisture206
validation. In contrast, for the Oznet and SMOSMANIA networks, no cross-masking be-207
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tween the surface and root-zone validation is included, because of data limitations. Surface208
soil temperature is validated separately.209
Unless noted otherwise, validation sites are limited to ‘favorable’ areas, i.e. to areas where210
the relationship between Tb observations and soil moisture is relatively straightforward. Sites211
are excluded from this category where the maximum climatological Moderate Resolution212
Imaging Spectroradiometer-based leaf area index (Mahanama et al. 2015) exceeds 5, or if213
they are within 36 km grid cells that are predominantly covered by forest or shrubland214
according to the International Geosphere-Biosphere Programme vegetation classification.215
Finally, sites are excluded in areas with complex topography (determined from GEOS-5216
parameters based on HYDRO1k data; Verdin and Greenlee (1996) information), or if the217
site elevation differs by more than 500 m from the mean elevation of the 36 km grid cell.218
The point validation is complemented with a validation using grid-cell-scale in situ data,219
referred to as data in ‘reference grid cells’. In a few United States Department of Agriculture220
(USDA) watersheds across the US, dense local networks of sensors were installed to calibrate221
and validate coarse-scale remote sensing observations (Cosh et al. 2008; Jackson et al. 2010).222
The measurements from these watersheds are part of the core validation sites used to evaluate223
SMAP data products (Entekhabi et al. 2014). Table 1 lists 10 reference grid cells (36 km)224
within 7 USDA watersheds. Each reference grid cell has a minimum of 5 individual sensors225
measuring surface soil moisture for at least 2 years during the validation period. Only 5 of226
the 10 reference grid cells also have root-zone soil moisture measurements. The lengths of227
the data records vary but cover most of the 4-year validation period, except for South Fork228
where the record is limited to 2 years.229
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3. Data Assimilation230
a. Distributed Ensemble Kalman Filter (3D-EnKF)231
The EnKF system simultaneously assimilates a set of multi-angular, H- and V-polarized232
SMOS Tb observations (each with a footprint radius of 0.22o) located within a circular233
area with a 1.25o radius around each 36 km model grid cell. The differences between these234
multiple Tb observations and their modeled counterparts are used to update the relevant235
underlying land surface model state variables at each 36 km model grid cell. A schematic of236
the data assimilation system is shown in Figure 1.237
The distributed or ‘three-dimensional’ (3D) EnKF has been used in earlier land surface238
data assimilation experiments (Reichle and Koster 2003; De Lannoy et al. 2010; Sahoo239
et al. 2013). These earlier studies include both spatial smoothing and downscaling of coarse240
observations to the finer model resolution as part of the 3D filter, whereas in this paper the241
observation and the model grid resolution are similar (model resolution: EASEv2 36 km,242
observation footprint radius: 0.22o) and the 3D filter mainly serves for spatial interpolation243
and extrapolation. The downscaling to a finer (9 km) resolution to support the SMAP244
L4 SM product (Entekhabi et al. 2014) will be discussed in future research.245
The land surface model f(.) propagates an ensemble of N initial or analysis state vectors246
xˆj+k,i−1 from time i− 1 to an ensemble of N forecast vectors xˆj−k,i at time i:247
xˆj−k,i = fi,i−1(xˆ
j+
k,i−1,uk,i−1,w
j
k,i−1), (1)
where k denotes space (36 km model grid cell), j denotes an ensemble member (j =248
1, · · · , N), uk,i−1 represents the forcings, and wjk,i−1 denotes the model error of (or per-249
turbations to) the j-th ensemble member (section 3c). The ensemble mean model forecast250
is given by xˆ−k,i =
1
N
ΣNj=1xˆ
j−
k,i . Within the assimilation scheme, the state for a single grid251
cell k is composed of seven prognostic CLSM variables related to soil moisture and tem-252
perature (section 2b), i.e. xk,i = [catdef, srfexc, rzexc, tc1, tc2, tc4, ght1]
T
k,i, where T is the253
vector or matrix transpose. These select variables are expected to be most sensitive to Tb.254
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In future developments of the system, variables related to vegetation water content could be255
considered in the state vector.256
When SMOS Tb observations yi are available at time step i, the state of each ensemble257
member j is updated as follows:258
xˆj+k,i = xˆ
j−
k,i +Kk,i[y
j
i − yˆj−i ]. (2)
with Kk,i the Kalman gain, yˆ
j−
i = hi(xˆ
j−
i ) the ensemble Tb observation predictions, and259
hi(.) the observation operator (see below). The ensemble mean analysis is xˆ
+
k,i =
1
N
ΣNj=1xˆ
j+
k,i .260
The vector yji contains suitably perturbed observations (Burgers et al. 1998) of SMOS H-261
and V-polarized Tb at multiple incidence angles. These observations are spatially distributed262
within an influence radius of 1.25o around the model grid cell k (see section 3c). Each of263
the individual Tb observations (yjλ,i ∈ yji ) has a simulated counterpart yˆj−λ,i ∈ yˆj−i , with264
yˆj−λ,i = hλ,i(xˆ
j−
i ), where hλ,i(.) is the observation operator (Reichle et al. 2014), which maps265
the CLSM state variables to the Tb observation predictions using a radiative transfer model266
and spatial aggregation, and λ refers to the polarization, incidence angle and location of267
the individual Tb observations and simulations. The analysis at each 36 km grid cell is268
thus based on various types (H, V, multiple incidence angles) of spatially distributed Tb269
simulations within an influence area with a 1.25o radius around the model grid cell, which270
typically includes several hundred SMOS Tb observations.271
Equation 2 inverts the vector of Tb innovations (yji − yˆj−i , observations-minus-forecasts272
residuals) into increments to modeled soil moisture and temperature according to the parti-273
tioning given by the Kalman gain Kk,i. The Kalman gain utilizes the relative uncertainty of274
the forecasted prognostic variables (related to soil moisture and soil temperature) and par-275
titions the Tb innovations into the corresponding increments to these prognostic variables.276
The gain matrix is identical for all ensemble members and determined by:277
Kk,i = Cov(xˆ
−
k,i, yˆ
−
i )
[
Cov(yˆ−i , yˆ
−
i ) +Ri
]
−1
, (3)
where Cov(xˆ−k,i, yˆ
−
i ) is the (sample) error covariance (across the ensemble) between the fore-278
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casted land surface state and the forecasted Tb. Similarly, Cov(yˆ−i , yˆ
−
i ) is the (sample)279
error covariance of the Tb forecasts, and Ri is the Tb observation error covariance. The280
Kalman filter only works near optimally with good choices for the error covariances and in281
the absence of biases. To meet these conditions, biases in observations and simulations are282
removed prior to assimilation (section 3b) and special attention is given to the determination283
of the Tb forecast and observation error variances in section 3c and section 3d.284
The EnKF system is designed to update root-zone soil moisture in response to obser-285
vations that are mainly related to surface soil moisture. Thereby, root-zone soil moisture286
increments rely on ensemble error correlations between the surface and root-zone. Root-zone287
soil moisture estimates from the analysis are also informed through vertical propagation of288
surface increments, which depends on the vertical coupling strength in the CLSM (Kumar289
et al. 2009). The distributed analysis also enables soil moisture and soil temperature updates290
at unobserved times and locations, so that soil moisture and temperature are updated more291
frequently than at every overpass. A spatially smooth analysis is ensured through spatially292
correlated forecast errors, which are suppressed in locations that are farther removed from293
the analysis grid cell.294
b. Biases295
The Kalman filter assumes unbiased Tb observations and forecasts, and thus unbiased296
innovations. Even after RTM calibration, however, there are residual biases between SMOS297
Tb observations and GEOS-5 Tb forecasts that vary with season, incidence angle, polariza-298
tion and orbit direction (or overpass time). It is not yet clear how to adequately partition299
these biases into observation and forecast bias or to come up with appropriate bias models300
to guide dynamic bias updates (De Lannoy et al. 2007; Reichle et al. 2010; Pauwels et al.301
2013; Draper et al. 2014) at the global scale. Therefore, we rely on historical records of the302
SMOS Tb observations and the corresponding ensemble mean GEOS-5 Tb forecasts to re-303
move seasonally varying climatological bias in the Tb innovations prior to data assimilation.304
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To this end, we first compute 45-day moving average time series of the Tb observations305
and ensemble mean forecasts, separately for each 36 km grid cell, incidence angle, polariza-306
tion, and orbit direction. Next, 4-year averages of these smoothed time series are calculated307
for each pentad p (5-day period) of the year, yielding a smooth climatological time series308
(that is, a seasonal cycle) for the Tb observations (< y >p) and forecasts (< yˆ
− >p). This309
is done for each grid cell separately, i.e. without spatial smoothing, because neighboring310
coarse-scale grid cells with dissimilar land surface features would otherwise introduce unde-311
sirable bias. Finally, the differences between the Tb observation and forecast climatologies312
are removed from the Tb innovations for the state update:313
xˆj+k,i = xˆ
j−
k,i +Kk,i[y
j
i− < y >p −(yˆj−i − < yˆ− >p)]. (4)
This approach thus corrects for the first order (i.e. climatological mean) differences between314
Tb observations and forecasts. We do not correct for seasonal differences in the variability of315
the observed and simulated Tb anomalies, but instead we assume that the generally higher316
variability in the SMOS Tb observations can be attributed to observation error (section d).317
Figures 2a and b illustrate differences between climatological ensemble mean Tb simu-318
lations and SMOS observations at 40o incidence angle on pentad 36 (June 27-July 1) for319
ascending Tb at H-polarization and descending Tb at V-polarization. The bias is very dif-320
ferent for each combination of incidence angle, orbit and polarization, because the RTM321
was calibrated so that the long-term bias across all assimilated Tb observation types would322
be minimal. In exceptional areas like the Sahara desert, a known cold model bias is found323
across all Tb types on average. Figures 2c and d further illustrate that the climatological324
bias at individual locations also varies in time. Figure 2 is produced using ensemble open325
loop (model-only, no assimilation) simulations without CPCU precipitation corrections (sec-326
tion 2b). The bias is slightly smaller when CPCU corrections are used.327
Note that for soil moisture retrieval assimilation, innovation biases are often removed328
through cumulative distribution function matching (Reichle et al. 2004), where long-term329
higher order statistics of observations and simulations are matched, regardless of the time330
13
in the year. In addition to its sensitivity to soil moisture, brightness temperature also331
depends strongly on the land surface temperature and on vegetation characteristics, both of332
which typically have a strong seasonal cycle. Bias in brightness temperature therefore varies333
seasonally, and its correction must also depend on the season. We therefore use a seasonally334
evolving climatological mean adjustment.335
c. Forecast Errors336
The forecast error covariances Cov(xˆ−k,i, yˆ
−
i ) and Cov(yˆ
−
i , yˆ
−
i ) are diagnosed from ensem-337
ble model trajectories of the state variables xˆj−k,i and Tb forecasts yˆ
j−
i , obtained by running338
the Catchment model with the perturbations listed in Table 2. The precipitation and short-339
wave radiation are perturbed with multiplicative lognormal perturbations, and longwave340
radiation receives additive normal perturbations. All forcing perturbations have a temporal341
correlation length of one day and a spatial correlation length of 0.5o. Moreover, moderate342
cross-correlations between the perturbed forcings are imposed to ensure physical consistency343
between the forcing errors.344
The prognostic state variables catdef and srfexc (related to soil moisture) are perturbed345
to mimic errors in model structure and model parameters. Prognostic variables related to346
surface (skin) and soil temperature are not perturbed explicitly to avoid excessive temper-347
ature updates, but a limited uncertainty in temperatures is implicitly created through the348
perturbation of the radiation and other forcings. Yet, over dry areas with limited vegetation349
(e.g. Sahara desert), the perturbation in radiation may still result in a large temperature350
spread.351
The perturbations to the model prognostic variables are additive with a temporal correla-352
tion length of 3 hours, a spatial correlation length of 0.5o and no cross-correlations. However,353
weak cross-correlations will develop through balancing during the model simulation; explic-354
itly correlated perturbations to catdef and srfexc were found to excessively update root-zone355
soil moisture. A new sample of perturbations is calculated every 3 hours and then interpo-356
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lated and applied at every model time step (7.5 min). During the state updating, spurious357
long-range forecast error correlations are suppressed beyond 1.25o, i.e. 2.5 times the spatial358
correlation length, using a Hadamard multiplication of the sample error covariance terms359
with a distance-dependent and compactly-supported function (Reichle and Koster 2003; Gas-360
pari and Cohn 1999). This localization limits the complexity of the Kalman gain inversion361
and effectively selects only observations located within a 1.25o radius around the analysis362
grid cell for assimilation.363
Spatially and temporally correlated forcing and state perturbations will cause correlated364
state forecast errors. The filter adequately accounts for the spatial error correlations by365
performing a smooth spatial state update. In contrast, despite the temporal correlations,366
updates are only calculated at single instants, because the land surface model and filtering367
only rely on the last update to compute the next forecast.368
Whereas the perturbation parameters are constant in space and time, the resulting spread369
in soil moisture and temperature show distinct spatial and temporal patterns, corresponding370
with the magnitudes of the respective variables. The resulting uncertainty in Tb observa-371
tion predictions yˆj−i = hi(xˆ
j−
i ) also exhibits distinct spatial and temporal patterns, with372
strong inter-angular and inter-polarization cross-correlations, that is, Cov(yˆ−i , yˆ
−
i ) has non-373
negligible off-diagonal elements. The values for the Tb error standard deviations are less374
than 2 K over forested regions and about 8 K over dry bare soil, such as in the Sahara desert375
(not shown). This is the expected uncertainty in Tb for soil moisture uncertainties of about376
0.01-0.03 m3/m3 (Jackson 1993). The Tb forecast uncertainty over forested areas is small,377
because Tb is not sensitive to soil moisture perturbations under dense vegetation and soil378
temperature perturbations are limited by design. Random errors in vegetation (and other379
land surface and radiative transfer model parameters) are not included in the Tb observation380
prediction error and are accounted for as representativeness error (part of the observation381
error, section d). Slowly varying biases in soil moisture, temperature and vegetation are382
removed as discussed in section b.383
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d. Observation Errors384
In a data assimilation framework, the Tb observations yi contain both instrument and385
representativeness error as part of the total observation error vi, defined as follows:386
yi = hi(xi) + vi (5)
where xi refers to the true land surface state variables and hi(.) is the imperfect RTM and387
spatial aggregation. If the observation operator hi(.) were perfect, then the observation error388
vi would only consist of instrument errors that have a variance of about 4
2 K2 for SMOS389
Tb observations at individual incidence angles (Kerr et al. 2013). Yet, imperfections in the390
RTM can be attributed to the parameters, structure or auxiliary information (e.g. soil,391
vegetation). These RTM errors, along with the imperfect match between Tb observations392
and model predictions in time and space, constitute representativeness errors. The variance393
of such errors must be added to the instrument error variance to obtain the total ‘observation’394
error variance, i.e. the diagonal of the matrix R. Note that ‘observation’ error by convention395
(Eq. 5) thus includes a ‘modeling’ error component.396
The observation error covariance matrix Ri can be complicated, because multiple ob-397
servations at different locations and with different incidence angles and polarizations are398
assimilated simultaneously. For simplicity, we consider a spatially and temporally constant399
observation error variance of 62 K2 across all angles, polarizations and orbits. This esti-400
mate results in near optimal assimilation diagnostics on average across the globe, but not401
necessarily in individual regions (section 5b1). We further assume an isotropic spatial error402
correlation length of 0.2o and a space- and time-invariant exponential inter-angular error403
cross-correlation function of 0.49 exp(−0.03 ∆θ), for angular lags ∆θ ≥5o. The latter func-404
tion was estimated with a poor-man’s approach to adaptive filtering using spatially and405
temporally averaged statistics of the observations-minus-analyses and observations-minus-406
forecasts residuals (Desroziers et al. 2005). Partly because of the inter-angular error correla-407
tions (and partly because of the smooth dependency of brightness temperature on incidence408
16
angle), assimilating observations at more than the 7 incidence angles used here should not409
significantly alter the assimilation results. For simplicity, errors are assumed to be un-410
correlated between H- and V-polarized observations, even though such correlations can be411
expected, especially in the representativeness error. In any case, increasing or decreasing412
error variances can compensate for an under- or overestimation of the error correlations and413
yield similar results. Note also that the SMOS Level 2 soil moisture retrieval algorithm (Kerr414
et al. 2013) does not assume any inter-angular observation error correlations in the Tb data.415
4. Experiments and Validation416
a. Experiments417
The experiments consist of two ensemble open loop experiments (model-only, with pertur-418
bations) and two corresponding data assimilation experiments (with the same perturbations419
as the open loop) as listed in Table 3. The first set is performed without and the second420
set with CPCU precipitation corrections (section 2b). The simulations without precipitation421
correction are used to study the expected impact of data assimilation in areas without dense422
precipitation gages, such as in Africa or central Asia. This approach is in line with Liu et al.423
(2011), where the relative impact of soil moisture assimilation and precipitation corrections424
was studied. The open loop experiments are denoted as OL and OL P, without and with425
precipitation corrections, respectively. The data assimilation experiments are denoted as DA426
and DA P, without and with CPCU precipitation corrections, respectively.427
b. Validation Metrics428
The skill of the assimilation results is assessed using 4-year time series of 3-hour averaged429
surface and root-zone soil moisture and surface soil temperature extracted at 36 km grid430
cells that either contain the point sites of the sparse networks or correspond to reference431
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grid cells (Section 2c). We include all time steps for which in situ observations are available,432
regardless of whether Tb was assimilated or not at a given time and location. Skill metrics433
are calculated for the entire period 1 July 2010 - 1 July 2014, and separately for the central434
5 months in the warm season of the same 4-year period. For the validation sites in the435
northern hemisphere, the warm season includes May through September; for the Oznet436
sites, the warm season includes November through March. For surface soil temperature,437
the validation is limited to the warm season only and metrics are calculated separately for438
each 3-hour time interval (0:00-3:00, 3:00-6:00, . . . , 21:00-24:00 UTC) before computing an439
average metric across the eight 3-hour time intervals. This procedure avoids that diurnal440
effects would otherwise dominate the skill metrics. Furthermore, it will be shown that surface441
soil temperature updates have only a limited memory and differences in temperature skill are442
thus best detected when the metric is limited to the warm season, i.e. when Tb observations443
are actually assimilated (over non-frozen land). Frozen or snow-covered conditions are always444
excluded.445
Skill is measured in terms of time series correlation (R), anomaly time series correlation446
(anomR), unbiased root-mean-square difference (ubRMSD, Entekhabi et al. (2010a)), and447
bias. The anomR is calculated as the time series correlation coefficient between the sim-448
ulations and ground observations after removal of their respective seasonal climatologies.449
The climatology is calculated for each 3-hour time interval of each day of the year as the450
4-year average of the smoothed time series (smoothing window=31 days) of data points at451
that particular 3-hour time interval. In contrast, the ubRMSD is obtained after removal of452
the static long-term mean bias between the simulations and the ground observations. The453
ubRMSD can also be interpreted as the temporal standard deviation in the errors between454
in situ observations and simulations.455
Skill metrics are only calculated if at least 200 data pairs are available for validation.456
The 95% confidence intervals assume a Student T-distribution for the bias and mean-square457
difference (MSD), χ2 for the unbiased mean-square difference (ubMSD) and an asymptotic458
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normal distribution for R and anomR after a Fisher Z transformation. The confidence459
intervals take into account the temporal autocorrelation in the 3-hourly time series, which460
reduces the number of degrees of freedom. To calculate network-averaged skill metrics, the461
sites within the SCAN and USCRN networks are clustered using a k-means spatial clustering462
algorithm (MacQueen 1967) based on the similarity in latitude and longitude of individual463
sites. The clustering approach avoids that densely sampled areas dominate the validation464
metrics and it also ensures realistic confidence intervals. If each in situ site was treated465
as an independent validation point, then the average confidence interval CI over all sites466
would be unrealistically small (CI = ΣNi CIi/N/
√
N , with N the total number of sites), and467
even a minimal change in skill would be wrongly identified as statistically significant. By468
first clustering neighboring sites that are exposed to similar atmospheric and land surface469
conditions, we assume that sites in a cluster are correlated so that the confidence interval for470
a cluster k is calculated as CIk = Σ
nk
i CIi/nk, with nk the number of sites within cluster k.471
Assuming that each cluster adds independent validation information, the network confidence472
interval then is calculated as CI = ΣKk CIk/K/
√
K, with K the number of clusters.473
5. Results474
a. In Situ Validation475
1) Sparse Networks476
Figure 3 shows the anomR for the two open loop experiments (OL, OL P) and the477
two assimilation experiments (DA, DA P), averaged across the SCAN and USCRN sites in478
favorable locations (Section 2), and for the entire period 1 July 2010 - 1 July 2014. For the479
SCAN surface soil moisture, the average anomR is 0.46 and 0.55 [-] for open loop simulations480
OL and OL P, respectively. With assimilation, the anomR values increase to 0.63 and 0.66 [-]481
for experiments DA and DA P, respectively. Improvements are also found in the root-zone,482
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where the anomR is 0.53 and 0.63 [-] for OL and OL P and the anomR increases to 0.64483
and 0.66 [-] for DA and DA P. For surface soil temperature, the improvements are small484
by design (section 3c), but statistically significant. At the USCRN sites, the findings are485
very similar. As expected (Reichle et al. 2011), the use of gage-based precipitation data486
(OL P, DA P) yields soil moisture simulations that are in better agreement with in situ soil487
moisture observations than simulations which are not informed about in situ precipitation488
observations (OL, DA).489
The improvements in anomR due to Tb assimilation are comparable to those found in490
earlier studies where retrievals from AMSR-E, ASCAT or SMOS (Liu et al. 2011; Draper491
et al. 2012; De Lannoy et al. 2014c) were assimilated in earlier versions of the GEOS-5492
CLSM. The SMOS Tb assimilation is able to add information that is complementary to the493
recent improvements in the modeling system (De Lannoy et al. 2014c), even with superior494
precipitation forcings. Yet, unlike in Liu et al. (2011), here the improvements due to Tb495
assimilation are smaller when precipitation corrections are used. However, it is difficult to496
compare the improvements across the various studies, because the metrics and confidence497
intervals also depend on the experiment period and the temporal resolution of the validation498
time series.499
Figure 4 shows maps for the change in anomR between the open loop simulation and500
Tb assimilation experiment without precipitation corrections (∆anomR = anomR(DA) -501
anomR(OL)) at individual SCAN and USCRN sites in favorable locations as indicated by502
the green background shading, for the period 1 July 2010 - 1 July 2014. The number of503
validation sites used here is limited because of the need to estimate the climatology robustly.504
Moreover, the significance of the changes is limited, especially for root-zone soil moisture,505
because of the relatively strong autocorrelation in the root-zone soil moisture time series.506
Despite these limitations, the figure shows that surface soil moisture is improved at almost all507
sites (92 out of 100) with a cluster-averaged ∆anomR=0.12 [-], while root-zone soil moisture508
is improved at a majority of sites (70 out of 100) with a cluster-averaged ∆anomR=0.05509
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[-]. At a few sites, a degradation can be attributed to an erroneous quantification of the510
vegetation in the RTM or an inadequate horizontal propagation of information.511
Table 4 summarizes the skill of soil moisture and temperature estimates for all sparse512
networks, limited to favorable locations and to only the 4 warm seasons for each network.513
Tb assimilation is expected to have most impact on soil moisture estimation when the land514
is not frozen. The metrics are very similar for the SCAN, USCRN, Oznet and SMOSMANIA515
networks, with generally higher anomR values for experiments with CPCU corrections than516
those without CPCU corrections. The anomR for the assimilation experiments is always bet-517
ter than the open loop simulations. The improvements are only statistically significant for the518
SCAN and USCRN networks in terms of surface soil moisture and, in the absence of CPCU519
precipitation corrections, also for root-zone soil moisture at SCAN sites (∆anomR=0.12 [-]).520
Substantial improvements are found for the Oznet and SMOSMANIA networks, but given521
the limited time period and the limited spatial coverage of these sites, these improvements522
are not statistically significant.523
Especially in terms of ubRMSD, the skill for root-zone soil moisture is always better524
than that of surface soil moisture (Table 4) because root-zone soil moisture is less variable.525
Data assimilation reduces the ubRMSD in both the surface and root-zone for all networks,526
but as already noted above, the assimilation has fewer opportunities to add complemen-527
tary information when CPCU precipitation corrections are used. The table further shows528
that the surface soil temperature skill is not altered through Tb data assimilation, because529
temperature updates only have a limited memory.530
The above validation is constrained to areas with moderate topographic complexity and531
limited vegetation based on coarse-scale model parameters. A detailed investigation of the532
Tb data assimilation in more complex areas is beyond the scope of this paper. However, it533
should be mentioned that soil moisture updates are found under relatively dense vegetation,534
where Tb observations are rather insensitive to soil moisture. The soil moisture updates535
under vegetation can be explained by a combination of the spatial propagation of information536
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from less vegetated areas and the relatively high ensemble soil moisture spread in wetter,537
vegetated, areas (because the larger forecast uncertainty in these areas results in larger538
increments).539
Figure 5 shows the changes in ubRMSD (∆ubRMSD = ubRMSD(DA) - ubRMSD(OL))540
for the experiments without precipitation corrections, for all sites with sufficient root-zone541
data in either favorable or unfavorable areas during the entire period 1 July 2010 - 1 July542
2014. The green background again identifies the areas with limited vegetation and topo-543
graphic complexity, whereas white areas mark complex terrain or (seasonal) dense vegeta-544
tion.545
For the joint SCAN and USCRN networks, 63% of all sites show an improvement in546
root-zone soil moisture. A solid improvement is found for most sites in the Great Plains547
(e.g. Oklahoma, Kansas, Nebraska, Dakotas), whereas degradation is found in the Western548
mountainous areas (e.g. Utah, Nevada) where root-zone soil moisture is difficult to measure549
and simulate. Surface soil moisture is improved at 77% of the SCAN and USCRN sites, with550
large improvements in the Great Plains and minor improvements still found in the western551
half of the US (not shown).552
Improvements in the root-zone soil moisture estimates are also found at 72% of the553
Oznet sites and at 65% of the SMOSMANIA sites (Figure 5). Model soil moisture at most554
Oznet sites is updated frequently because SMOS observations are abundant in this area555
(Section 5b). Especially in the Yanco area (largest cluster in Figure 5b), most sensors show556
improved root-zone soil moisture. Similarly, the ubRMSD in the surface soil moisture is557
decreased by more than 0.01 m3/m3 at the Oznet sites (not shown). In contrast, the impact558
of the assimilation is very small at the SMOSMANIA sites in both surface (not shown)559
and root-zone soil moisture, regardless of the location. This is mainly due to the limited560
number of SMOS Tb data used to update soil moisture because in this area data are often561
screened out due to frozen conditions, heavy precipitation or RFI. The spatial filter may562
also propagate information from the nearby Pyrenees mountains into the Piedmont region563
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where the sensors are located, which may not always be beneficial for the estimation of local564
conditions.565
2) Reference Grid Cells566
The skill of the OL, OL P, DA and DA P experiments at the reference grid cells is shown567
in Figure 6 for the anomR, and in Figure 7 for ubRMSD, bias and R. Figure 6 shows that568
the assimilation generally increases the anomR for surface and root-zone soil moisture, as569
well as for surface soil temperature for all reference grid cells. The exception is South Fork,570
where the in situ data record only covers 2 years, artificial drainage installed for agriculture571
complicates the interpretation of the soil moisture validation results, and insufficient data572
are available for temperature validation. The average improvement (∆anomR) for surface573
soil moisture is 0.18 [-] without precipitation corrections, and 0.08 [-] with precipitation574
corrections (statistically significant). Without precipitation corrections, these changes are575
similar to the ∆anomR=0.16 [-] reported in Liu et al. (2011) when assimilating a long time576
series of AMSR-E soil moisture retrievals into an older version of the GEOS-5 CLSM. Yet, in577
contrast to Liu et al. (2011), the Tb assimilation in the updated system here yields smaller578
improvements when superior precipitation forcings are used. Presumably, the reason for this579
result is the fact that here we use an improved modeling system. Moreover, the length of the580
time series used here is shorter, making it more difficult to discern statistically significant581
improvements.582
Panels a and d of Figure 7 show that the open loop without precipitation corrections583
(OL) yields an ubRMSD of 0.042 m3/m3 for the surface and 0.039 m3/m3 for the root-zone584
soil moisture across all reference grid cells. With assimilation (DA), the ubRMSD reduces to585
0.036 m3/m3 for the surface and 0.033 m3/m3 for the root-zone, across the available reference586
grid cells. When including precipitation corrections, the ubRMSD for the open loop (OL P)587
is 0.038 m3/m3 for the surface and 0.033 m3/m3 for the root-zone soil moisture across all588
reference grid cells. With assimilation (DA P), the ubRMSD reduces to 0.034 m3/m3 for the589
23
surface and increases slightly to 0.034 m3/m3 for the root-zone.590
The assimilation slightly decreases the ubRMSD in surface soil temperature (not shown)591
at all reference grid cells except South Fork, which is a combined effect of directly updating592
the soil temperature and changes in fluxes resulting from soil moisture updates. On average,593
the ubRMSD for the open loop and data assimilation experiments is around 2 K, with higher594
values (3.5 K) in Walnut Gulch and lower values (1.2 K) in Little River (not shown).595
Figure 7b and e show the bias values for surface and root-zone soil moisture. The lo-596
cal bias is larger than the ubRMSD, which is expected, when considering that the global597
land surface model relies on ancillary information for texture and vegetation. With CPCU598
precipitation corrections, the bias is slightly larger than without such corrections. This was599
also found for SCAN and USCRN sites (not shown). By design, the assimilation changes600
the bias only minimally (except in South Fork, where the validation period is too short) and601
these small changes can be attributed to the spatial nature of the filter. The Tb assimilation602
further introduces a significant improvement in R for the surface soil moisture (Figure 7c).603
For the root-zone, the improvement in R due to Tb assimilation alone is not statistically604
significant (Figure 7f), because of the limited time period, but the improvement is as high605
as 0.23 [-] when no CPCU precipitation corrections are used.606
As an example, Figure 8 shows soil moisture time series for experiments OL P and607
DA P along with in situ observations at Fort Cobb for each July and August in the 4-year608
experiment period. Due to Tb assimilation, the responses to the precipitation events of July609
2010 and August 2013 are better simulated in the root-zone. In August 2010, the SMOS610
observations are anomalously warm relative to a 4-year climatology, suggesting drier than611
usual conditions. The assimilation thus changes surface and root zone soil moisture towards612
the in situ observations. Some irregularities in the surface soil moisture indicate that some613
updates may be too strong, because the observation error standard deviation of 6 K may be614
too low at this location.615
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b. Large Scale Results616
In this section, global assimilation diagnostics at the 36 km model resolution are presented617
to evaluate the quality of the multi-angular SMOS Tb assimilation system. Only simulations618
with CPCU precipitation corrections are presented for simplicity.619
1) Innovations (Observation Space)620
Figure 9a shows a map of the average number of ascending or descending half-orbits per621
day for which SMOS Tb observations of at least one polarization and incidence angle were622
assimilated. On average, there is one set (multi-angle, 2 polarizations) of Tb observations623
every 3 days (or every 6 days per orbit direction, see also section 2a), with fewer data624
available in mountainous and northern areas with prolonged freezing conditions. Because625
of RFI contamination, data are missing in large portions of Asia, Eastern Europe and the626
Middle East.627
The temporal mean in the bias-corrected (section 3b) Tb innovations is close to 0 K by628
design (not shown). The temporal standard deviations in the normalized Tb innovations629
[yi− yˆ−i ]λ/
√
[Ri + Cov(yˆ
−
i , yˆ
−
i )]λλ, averaged across all angles and polarizations, is shown in630
Figure 9b for experiment DA P. This metric is used to verify a necessary condition for the631
optimality of the filter operation (Reichle et al. 2002): values close to 1 indicate reasonable632
choices for forecast and observation error variances, whereas values less than 1 indicate633
overestimated Tb observation or forecast errors (or both), and values larger than 1 suggest634
underestimated errors.635
Figure 9b shows that experiment DA P leads to areas where the metric is much smaller636
or larger than 1. For example, in the central agricultural area of the US, the standard de-637
viation of the normalized innovations is larger than 1, which indicates that the DA system638
underestimates Tb observation and/or forecast errors. The calibration of the RTM (De Lan-639
noy et al. 2014c) revealed higher errors in Tb predictions over cropland and consequently,640
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it can be expected that
√
[R]λλ=6 K underestimates the representativeness error as part of641
the observation error. Over the Sahara desert, Figure 9b indicates a large overestimation642
of Tb observation and/or forecast errors. Here, the brightness temperature forecast errors643
are most likely overestimated because of the large ensemble spread in surface soil temper-644
ature over dry areas with little vegetation. The diagnostic metric shown in Figure 9b can645
be improved by tuning either the forecast or observation errors alone, as is typically done646
in adaptive filtering techniques. However, we found that this does not suffice to realistically647
balance both forecast and observation errors in every region of the globe. Further research648
is needed to optimize the global system.649
2) Increments (State Space)650
Figure 10a shows the average number of increments per day applied at each location651
during the 4 validation years. Increments are counted when a value larger than 10−5 mm is652
found for any soil moisture component (catdef, srfexc, rzexc), or a value larger than 10−3 K653
for surface soil temperature. In observed areas, increments are applied every 1-2 days,654
which is more frequently than the number of overpasses per day (Figure 9a). The 3D-EnKF655
effectively applies increments outside the observed swaths (up to a spatial error correlation656
localization distance of 1.25o) and in areas where observations are not available or screened657
out after quality control. It should be noted that the number of increments varies seasonally,658
with most increments during the summer and a reduced number of increments in the winter.659
Figure 10b shows the temporal standard deviation in the increments to the total soil660
water column (prmc), expressed in volumetric fractions (i.e. accounting for variable profile661
depths), for the assimilation experiment DA P. Similarly, Figure 10c shows the standard662
deviation in the surface soil temperature (tp1) increments. Not shown are the mean incre-663
ments, which are negligible, because the system is nearly unbiased by design. The standard664
deviation in the increments is small when spatially and temporally averaged, because many665
very small increments are associated with distant observations (3D-EnKF). This is especially666
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true in coastal areas where updates are solely related to distant observations (because Tb667
observations near water are removed during quality control). For experiment DA P, the668
temporal standard deviation in prmc increments amounts to 3.8 10−3 m3/m3 for the globe669
(Figure 10b), with some areas showing distinctly larger or smaller absolute increments. The670
larger increments are often associated with underestimated observation errors (Figure 9b).671
The global average of the surface soil temperature increments is 0.65 K, with higher values672
in drier areas with limited vegetation and Tb forecast uncertainties that are perhaps too673
large due to excessive temperature uncertainties. The temporal standard deviation in the674
temperature and moisture increments is larger in the summer and reduced in the winter (not675
shown).676
3) Other Variables677
Next, we analyze the impact of Tb data assimilation on other land surface variables,678
including the latent and sensible heat fluxes and runoff, across the globe (Figure 11) and679
for North America (20o-50o N, Table 5). Figure 11 measures impact in terms of the RMSD680
between the open loop (OL P) and the assimilation integration (DA P) over the 4-year time681
series. For North America only, Table 5 provides the long-term mean and standard deviation682
values of the open loop OL P simulation and differences from the corresponding DA P values683
separately for each season and for the entire year. Table 5 also provides the ubRMSD values684
between OL P and DA P. Table 5 shows very small differences (bias) in (absolute) long-term685
means and standard deviations for most variables, which implies that the RMSD is close to686
the ubRMSD.687
The globally averaged RMSD values between OL P and DA P are very small (Figure 11),688
because some regions do not receive any updates for lack of Tb observations of sufficient689
quality (section 2a). For surface and root-zone soil moisture, the values of the global RMSD690
are 0.02 m3/m3 and 0.01 m3/m3, respectively (Figure 11a,b). The RMSD is higher in691
northern latitudes where the CPCU precipitation corrections are tapered (no corrections692
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above 62.5o N) and data assimilation has more impact. When focusing on North America,693
which is well observed by SMOS, Table 5 reveals that the ubRMSD per season amounts to694
less than 10% of the open loop mean soil moisture, but to around 50% of the open loop695
standard deviation. As expected, the ubRMSD in surface soil temperature is very small and696
only amounts to about 5% of the open loop standard deviation.697
The RMSD between OL P and DA P in the energy fluxes has values of about 9-10 W/m2698
across the globe for sensible and latent heat, with more pronounced effects in the central699
US and the Southern Hemisphere. Table 5 indicates that the ubRMSD in energy fluxes is700
about 20% of the mean open loop values and about 10-20% of the mean temporal standard701
deviation, with larger changes in the summer and fall months.702
The RMSD between OL P and DA P in total runoff is about 0.27 mm/day across the703
globe (Figure 11f) with large RMSD values in the wetter eastern part of North America,704
where most of the soil moisture updates are applied. The ubRMSD values for North America705
(Table 5) reach up to 80% of the mean seasonal values and reach up to 20% of the temporal706
standard deviation in the fall months. Figure 11f shows very high RMSD values over the707
Amazon and the Indonesia Archipelago where the model produces very high runoff peaks.708
Small updates in soil moisture over these areas result in large absolute changes in runoff,709
but the changes are small relative to the magnitude of the runoff.710
4) Uncertainty711
One of the advantages of the EnKF is its ability to provide ensemble error estimates712
for simulated variables. Figures 12a, c and e show the analysis error standard deviation in713
soil moisture and surface soil temperature for the assimilation integration DA P (enstda),714
averaged over all 3-hourly timesteps during 1 July 2010 - 1 July 2014. The estimated715
uncertainty in surface soil moisture is about 0.02 m3/m3 across the globe and higher in areas716
with limited or no assimilation updates (e.g. Asia, northern latitudes). The uncertainty is717
also high, for example, in the dry western US, where the assimilation resulted in smaller718
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absolute soil moisture increments (Figure 10b). The uncertainty in root-zone soil moisture719
is smaller (about 0.01 m3/m3 across the globe), because the uncertainties in the forcings720
are dampened. For soil temperature, the ensemble uncertainty is mostly less than 1 K and721
limited by design (section 3c), but high temperature uncertainties are found in dry areas with722
limited vegetation. Some coastal grid cells show a high uncertainty, because the assimilation723
only affects these locations through small updates based on distant Tb observations.724
Figure 12 also verifies the expectation that data assimilation reduces the uncertainty725
of the estimated land surface variables. Specifically, Figures 12b, d and f show the ratio726
of the temporal mean ensemble standard deviation for the assimilation integration DA P727
(enstda) to the ensemble standard deviation in the model-only open loop simulation OL P728
(enstdm). Again, the ensemble standard deviations are averaged across all 3-hourly timesteps729
during 1 July 2010 - 1 July 2014. For surface soil moisture, the averaged ratio is 0.85 across730
the globe. In some wetter and well observed areas, the estimated uncertainty is halved by731
the assimilation (e.g. parts of the central US), whereas the uncertainty is only marginally732
changed in boreal regions and unaltered across much of Asia and south-east Europe where no733
observations are available for assimilation. In some areas with dense vegetation and where734
Tb is only marginally sensitive to soil moisture, e.g. in central Africa, the uncertainty is735
only marginally changed. The root-zone soil moisture shows a similar pattern, but with a736
greater reduction in uncertainty, i.e. a ratio of 0.74 across the globe. The reduction is greater737
than in surface soil moisture, because root-zone soil moisture has a longer memory and is738
less directly exposed to perturbations in the meteorological forcings. In terms of surface739
soil temperature, only a minor contraction of the ensemble spread is noticed when averaged740
across all 3-hourly timesteps, because of the limited memory of (surface) soil temperature741
updates in the modeling system.742
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6. Conclusions743
The direct assimilation of multi-angle and multi-polarization SMOS Tb observations744
into the GEOS-5 land surface model is evaluated for global soil moisture estimation. The745
assimilation uses a distributed ensemble Kalman filter with a temporally variable Tb bias746
mitigation, a system that is also used for the SMAP L4 SM product. The distributed747
aspect of the filter introduces updates that are spatially extrapolated into unobserved areas.748
The multi-dimensional aspect of the observations is a unique feature of this paper: for749
each location on Earth, several hundreds of SMOS Tb observations may be assimilated750
simultaneously.751
Two types of assimilation experiments are performed, one using MERRA forcings and752
one using MERRA forcings corrected with CPCU gage precipitation. In both cases, the753
multi-angular SMOS Tb assimilation yields better results than an open loop simulation in754
terms of the anomaly time series correlation (anomR) and unbiased root-mean-square error755
(ubRMSD). Improvements are found in both the surface and root-zone soil moisture for sites756
in sparse networks (SCAN, USCRN, SMOSMANIA, Oznet) and reference grid cells across757
the US, limited to areas with mild topography and limited vegetation. Tb data assimilation758
thus effectively helps to propagate surface information to the root-zone. The magnitudes759
of the improvements in anomR due to SMOS Tb assimilation are comparable to what is760
reported in studies assimilating longer time series of soil moisture retrievals from AMSR-E761
or ASCAT in older versions of the GEOS-5 CLSM (Liu et al. 2011; Draper et al. 2012). Yet,762
an exact comparison is not possible, because the statistics depend on the experiment period763
and temporal resolution of the validation time series.764
With SMOS Tb data assimilation and when using gage-corrected (CPCU) precipitation,765
the ubRMSD between simulations and grid-cell-scale in situ measurements (also used in the766
core validation of SMAP products) is 0.034 m3/m3 for surface soil moisture at 10 reference767
grid cells across the US, and also 0.034 m3/m3 for root-zone soil moisture at the 5 reference768
grid cells with such data. Because the benefit of Tb assimilation is found to be larger when769
30
no precipitation corrections are used, we expect that SMOS (or SMAP) assimilation has a770
greater impact on soil moisture estimates over regions such as Africa and Asia, where both771
high-quality meteorological information (including precipitation gage measurements) and in772
situ validation data are unavailable.773
The globally averaged values of the time series standard deviation in the increments for774
the total soil water column and for surface soil temperature are 0.004 m3/m3 and 0.7 K,775
respectively. The values are very small when averaged in time and space, because many776
small increments are associated with distant updates in the 3D filter (extrapolation). Yet,777
the corresponding mean absolute difference in soil moisture between the open loop and778
assimilation estimates can reach up to 50% of the temporal variability, and the energy and779
runoff fluxes are changed by roughly 15% relative to the temporal variability per season.780
The EnKF provides global uncertainty estimates for all variables in the land surface data781
assimilation system. With assimilation, the globally averaged uncertainty for the analyzed782
surface and root-zone soil moisture is 0.02 m3/m3 and 0.01 m3/m3, respectively, which is783
a fraction of the uncertainty without any assimilation (0.85 for global surface soil moisture784
and 0.74 for global root-zone soil moisture).785
To summarize, SMOS Tb observations are predominantly related to surface soil mois-786
ture and temperature and vegetation conditions. The Tb data assimilation successfully (i)787
increases the effective vertical penetration depth through propagation of surface informa-788
tion to the root-zone, (ii) increases the spatial and temporal coverage by interpolation and789
extrapolation to unobserved times and locations, and (iii) provides consistent estimates of790
various land surface state and flux estimates with reduced uncertainty. In future research791
and in the forthcoming SMAP L4 SM product, the spatial resolution of the land model792
within the assimilation system and therefore the resolution of the assimilation estimates will793
be increased to 9 km. The analysis component of this future system will thus downscale the794
coarser (36 km) brightness temperature observations to the finer (9 km) resolution of the795
modeling system.796
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List of Tables1011
1 36 km reference grid cells within SMAP core validation watersheds (Entekhabi1012
et al. 2014). Each reference grid cell contains a minimum of 5 surface soil1013
moisture sensors and a maximum of N sensors. The latitude and longitude1014
refer to the center of the EASEv2 36 km grid cells. Sites marked with an1015
asterisk also provide measurements in the root-zone layer. 441016
2 Ensemble perturbations to forcing and model prognostic variables. The per-1017
turbation type is either additive (A) or multiplicative (M), with the standard1018
deviation given for a normal or lognormal distribution, respectively. The time1019
series correlation (temporal corr) is applied to a first order autoregressive1020
model. The spatial correlation scale (spatial corr) is isotropic. Perturbations1021
to prognostic variables are uncorrelated with each other and with the forcing1022
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3 Overview of experiments. 461024
4 Skill metrics at SCAN, USCRN, SMOSMANIA and Oznet sites, with indi-1025
cation of the half value of the 95% confidence intervals (CI) averaged over1026
all experiments (for asymmetric confidence intervals, the mean half value is1027
shown). The metrics are calculated using all 3-hourly time steps during the1028
warm season across 4 years. N is the number of sites for each network, with1029
the number of clusters between parentheses. Clusters are not used for the1030
Oznet and SMOSMANIA sites, where the CIs are conservatively estimated as1031
the simple average of the CIs over individual sites. Temperature validation1032
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5 Spatial average of the long-term and seasonal statistics for experiment OL P1035
and differences with experiment DA P for various land surface variables.1036
OL P statistics include the temporal mean (mean OL P) and standard de-1037
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Table 1. 36 km reference grid cells within SMAP core validation watersheds (Entekhabi
et al. 2014). Each reference grid cell contains a minimum of 5 surface soil moisture sensors
and a maximum of N sensors. The latitude and longitude refer to the center of the EASEv2
36 km grid cells. Sites marked with an asterisk also provide measurements in the root-zone
layer.
Watershed State Reference Latitude Longitude Maximum
(US) grid cell (o N) (o W) N sensors
Reynolds Creek ID RC1 43.33 116.70 6
RC2 42.95 116.70 9
Walnut Gulch AZ WG1 31.96 110.73 6
WG2 31.62 110.35 14
WG3 31.62 109.98 22
Little Washita OK LW∗ 34.99 98.03 15
Fort Cobb OK FC∗ 35.34 98.40 10
Little River GA LR1∗ 31.62 83.84 15
LR2∗ 31.62 83.46 12
South Fork IA SF∗ 42.57 93.55 12
44
Table 2. Ensemble perturbations to forcing and model prognostic variables. The perturba-
tion type is either additive (A) or multiplicative (M), with the standard deviation given for
a normal or lognormal distribution, respectively. The time series correlation (temporal corr)
is applied to a first order autoregressive model. The spatial correlation scale (spatial corr) is
isotropic. Perturbations to prognostic variables are uncorrelated with each other and with
the forcing perturbations.
type standard
deviation
temporal
corr.
spatial
corr.
cross-corr. with pertur-
bations in
P SW LW
Precipitation (P) M 0.5 [-] 24 h 0.5o n/a -0.8 0.5
Downward short-
wave (SW)
M 0.3 [-] 24 h 0.5o -0.8 n/a -0.5
Downward long-
wave (LW)
A 20 W/m2 24 h 0.5o 0.5 -0.5 n/a
Catchment deficit
(catdef)
A 0.24
kg/m2/h
3 h 0.5o
Surface excess (sr-
fexc)
A 0.16
kg/m2/h
3 h 0.5o
45
Table 3. Overview of experiments.
Experiment No CPCU precipita-
tion corrections
With CPCU precipi-
tation corrections
Ensemble open loop (model-only) OL OL P
Assimilation DA DA P
46
Table 4. Skill metrics at SCAN, USCRN, SMOSMANIA and Oznet sites, with indication
of the half value of the 95% confidence intervals (CI) averaged over all experiments (for
asymmetric confidence intervals, the mean half value is shown). The metrics are calculated
using all 3-hourly time steps during the warm season across 4 years. N is the number of
sites for each network, with the number of clusters between parentheses. Clusters are not
used for the Oznet and SMOSMANIA sites, where the CIs are conservatively estimated as
the simple average of the CIs over individual sites. Temperature validation is not performed
at the Oznet sites for lack of sufficient data pairs at each individual 3-hour time interval.
ubRMSD N OL OL P DA DA P CI
Surface soil moisture [m3/m3]
SCAN 62(20) 0.062 0.057 0.056 0.052 ±0.003
USCRN 41(21) 0.061 0.056 0.055 0.052 ±0.004
SMOSMANIA 9 0.053 0.050 0.049 0.046 ±0.014
Oznet 38 0.058 0.055 0.053 0.052 ±0.038
Root-zone soil moisture [m3/m3]
SCAN 62(20) 0.043 0.038 0.039 0.037 ±0.009
USCRN 41(21) 0.045 0.040 0.041 0.039 ±0.005
SMOSMANIA 9 0.044 0.041 0.041 0.040 ±0.032
Oznet 17 0.053 0.049 0.048 0.045 ±0.053
Surface soil temperature [K]
SCAN 82(21) 2.02 1.98 2.02 2.00 ±0.03
USCRN 48(23) 1.85 1.80 1.87 1.83 ±0.03
SMOSMANIA 9 1.83 1.81 1.83 1.81 ±0.13
anomR N OL OL P DA DA P CI
Surface soil moisture [-]
SCAN 59(18) 0.48 0.58 0.65 0.69 ±0.04
USCRN 41(21) 0.54 0.63 0.67 0.72 ±0.03
SMOSMANIA 9 0.56 0.59 0.63 0.67 ±0.15
Oznet 29 0.57 0.62 0.67 0.69 ±0.27
Root-zone soil moisture [-]
SCAN 57(18) 0.57 0.66 0.69 0.70 ±0.07
USCRN 41(21) 0.62 0.69 0.68 0.70 ±0.07
SMOSMANIA 9 0.60 0.63 0.62 0.63 ±0.35
Oznet 7 0.62 0.61 0.71 0.77 ±0.45
Surface soil temperature [-]
SCAN 79(20) 0.78 0.79 0.79 0.79 ±0.005
USCRN 48(23) 0.78 0.80 0.80 0.80 ±0.004
SMOSMANIA 9 0.86 0.86 0.87 0.87 ±0.016
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Table 5. Spatial average of the long-term and seasonal statistics for experiment OL P
and differences with experiment DA P for various land surface variables. OL P statistics
include the temporal mean (mean OL P) and standard deviation (stdv OL P). Difference
statistics include the difference in the mean, mean of the absolute differences, difference
in the standard deviation (MDiff, MabsDiff, SDiff; DA P minus OL P) and the ubRMSD
between DA P and OL P results. Statistics are calculated as the spatial average of the
metrics for North America (20-50o N) during the period 1 July 2010 - 1 July 2014.
Metric All months DJF MAM JJA SON
surface soil moisture [m3/m3]
mean OL P 0.21 0.22 0.22 0.20 0.19
stdv OL P 0.042 0.027 0.027 0.040 0.033
MDiff 8.24E-04 4.84E-04 2.15E-04 1.06E-03 1.94E-03
MabsDiff 2.55E-03 3.66E-03 2.71E-03 3.40E-03 3.66E-03
SDiff 4.20E-03 2.55E-03 5.01E-03 4.99E-03 6.78E-03
ubRMSD 0.019 0.015 0.016 0.020 0.022
root-zone soil moisture [m3/m3]
mean OL P 0.21 0.21 0.22 0.20 0.19
stdv OL P 0.033 0.023 0.022 0.029 0.022
MDiff 9.78E-04 1.82E-04 3.70E-04 1.70E-03 2.18E-03
MabsDiff 2.65E-03 3.40E-03 2.70E-03 3.72E-03 3.73E-03
SDiff 3.69E-03 1.40E-03 4.28E-03 4.94E-03 5.54E-03
ubRMSD 0.016 0.013 0.014 0.017 0.017
surface soil temperature [K]
mean OL P 286.05 275.97 285.04 296.23 289.88
stdv OL P 9.05 3.84 6.14 4.02 5.30
MDiff -1.33E-02 -4.10E-03 -3.69E-03 -2.13E-02 -3.34E-02
MabsDiff 3.14E-02 3.12E-02 3.42E-02 6.17E-02 5.45E-02
SDiff 2.27E-03 3.37E-03 1.34E-02 3.53E-02 2.22E-02
ubRMSD 0.33 0.22 0.27 0.40 0.35
sensible heat flux [W/m2]
mean OL P 47.63 16.96 62.22 72.67 46.57
stdv OL P 99.44 58.39 112.72 113.09 93.28
MDiff -0.37 -0.08 -0.07 -0.65 -0.96
MabsDiff 0.83 0.43 0.92 1.94 1.43
SDiff 0.14 -0.02 0.42 0.37 -0.33
ubRMSD 11.35 3.83 9.94 15.81 11.71
latent heat flux [W/m2]
mean OL P 46.72 18.57 53.67 76.48 44.90
stdv OL P 67.05 27.59 65.88 85.06 56.17
MDiff 0.49 0.11 0.11 0.85 1.23
MabsDiff 1.01 0.53 1.11 2.34 1.77
SDiff 2.17 0.42 1.52 3.19 3.54
ubRMSD 13.18 4.12 10.98 18.42 13.88
total runoff [mm/d]
mean OL P 0.35 0.32 0.51 0.32 0.28
stdv OL P 1.48 1.22 1.72 1.15 1.10
MDiff -4.32E-04 -9.42E-03 -1.10E-03 6.48E-03 4.53E-03
MabsDiff 1.37E-02 1.52E-02 1.88E-02 1.92E-02 1.77E-02
SDiff 2.23E-02 -2.56E-02 2.25E-02 3.46E-02 3.89E-02
ubRMSD 0.27 0.18 0.29 0.24 0.25
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Fig. 1. Schematic of the multi-angular (θ30, θ35, . . . , θ60) and multi-polarization (H, V)
SMOS Tb assimilation scheme, using a 3D-EnKF and mean climatological rescaling to ad-
dress biases. LSM is the land surface model, RTM is the L-band radiative transfer model.
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Fig. 2. (a) Difference between climatological mean Tb(40o) forecasts (ensemble mean open
loop without CPCU precipitation corrections) and SMOS observations for pentad 36, H-
polarization and ascending orbits. (b) Same as (a), but for V-polarization and descending
orbits. The center of the circle marks the location of the Little River watershed. (c) Time se-
ries of (black dots) climatological mean Tb(40o) forecasts (ensemble mean open loop without
CPCU precipitation corrections) and (red dots) SMOS observations at Little River (LR),
Georgia, for H-polarization and ascending orbits. The arrow indicates pentad 36, corre-
sponding to the pentad for subplots a and b. (d) Same as (c) but for V-polarization and
descending orbits.
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Fig. 3. Anomaly time series correlation coefficient (anomR) for two open loop experiments
(OL, OL P) and two data assimilation experiments (DA, DA P), averaged across individual
SCAN and USCRN sites for (a) surface soil moisture, (b) root-zone soil moisture and (c)
surface soil temperature. The metric is calculated for the period 1 July 2010 - 1 July 2014,
except for temperature where the anomR is calculated for the warm season only (details
in section 4b). N is the number of sites for each network, with the number of clusters in
parentheses.
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(a) Surface soil moisture
∆anomR=0.12 [-] (N=100; 92 improved)
(b) Root-zone soil moisture
∆anomR=0.05 [-] (N=100; 70 improved)
Fig. 4. Change in anomaly time series correlation (∆anomR) due to data assimilation (DA,
without CPCU correction) at (circles) SCAN and (triangles) USCRN sites for (a) surface and
(b) root-zone soil moisture. Statistically significant changes are marked by larger symbols.
Metrics are calculated across 3-hourly time steps during the period 1 July 2010 - 1 July
2014. N is the number of sites and the titles indicate the spatial mean ∆anomR across all
sites with clustering. All sites are located in areas with limited vegetation and topographic
complexity based on model parameters, indicated by the green background shading.
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(a) Root-zone soil moisture; SCAN and USCRN
∆ubRMSD=-0.002 [m3/m3] (N=193; 123 improved)
(b) Root-zone soil moisture; Oznet
∆ubRMSD=-0.004 [m3/m3] (N=29; 21 improved)
(c) Root-zone soil moisture; SMOSMANIA
∆ubRMSD=-0.001 [m3/m3] (N=20; 13 improved)
Fig. 5. Same as Figure 4b but for ∆ubRMSD in root-zone soil moisture only and including
sites outside the areas with favorable conditions indicated by the green shading. Metrics are
for (a) SCAN (circles) and USCRN (triangles), (b) Oznet, and (c) SMOSMANIA sites.
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Fig. 6. Performance of various open loop (OL, OL P) and data assimilation (DA, DA P)
experiments in terms of anomR at individual reference grid cells (Table 1) for (a) surface soil
moisture, (b) root-zone soil moisture and (c) soil temperature. The metrics are calculated
across all analysis and forecast time steps during the period 1 July 2010 - 1 July 2014, except
for temperature where the anomR is calculated for warm season across four years. ‘All’ refers
to the average skill across all available reference grid cells.
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OL OL_P DA DA_P
Fig. 7. Performance of various open loop (OL, OL P) and data assimilation (DA, DA P)
experiments in terms of (a,d) ubRMSD (b,e) bias and (c,f) R for (top) surface and (bottom)
root-zone soil moisture at individual reference grid cells (Table 1). The metrics are calculated
across all analysis and forecast time steps during the period 1 July 2010 - 1 July 2014. ‘All’
refers to the average skill across all available reference grid cells.
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Fig. 8. Soil moisture time series at the Fort Cobb (Oklahoma, 35.34 oN, 98.40 oW) reference
grid cell during each July and August in the 4-year experiment period. Time series of (a)
in situ observed and modeled surface soil moisture (sfmc) for the open loop (OL P) and
assimilation integration (DA P); (b) same as (a) but for root-zone soil moisture (rzmc).
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(a) N per day: m=0.35, s=0.11 [-]
(b) std(norminnov): m=1.03, s=0.31 [K/K]
Fig. 9. Statistics of the observation-minus-forecast residuals (innovations) for experiment
DA P, calculated for 1 July 2010 - 1 July 2014. (a) Average number (N) of assimilated Tb
sets per day; (b) standard deviation of normalized Tb innovations (norminnov), averaged
across both polarizations and all available incidence angles. The titles indicate the spatial
mean (m) and standard deviation (s) across each map.
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(a) N per day: m=0.48, s=0.14 [-]
(b) std(∆prmc): m=3.8, s=2.2 [10−3 m3/m3]
(c) std(∆tp1): m=0.65, s=0.43 [K]
Fig. 10. Statistics of the analysis increments for experiment DA P, calculated for 1 July 2010
- 1 July 2014. (a) Average number (N) of increments per day; (b) standard deviation in soil
column water increments (∆prmc); (c) standard deviation in soil temperature increments
(∆tp1). The titles indicate the spatial mean (m) and standard deviation (s) across each
map.
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(a)RMSD(sfmc): m=0.02, s=0.01 [m3/m3] (b)RMSD(rzmc): m=0.01, s=0.01 [m3/m3]
(c)RMSD(shflux): m=9.07, s=6.77 [W/m2] (d)RMSD(lhflux): m=10.83, s=8.53 [W/m2]
(e) RMSD(tp1): m=0.29, s=0.21 [K] (f)RMSD(runoff): m=0.27, s=0.33 [mm/d]
Fig. 11. Temporal RMSD between the open loop simulation (OL P) and the assimilation
(DA P) estimates for various land surface variables: (a) surface soil moisture (sfmc), (b)
root-zone soil moisture (rzmc), (c) sensible heat flux (shflux), (d) latent heat flux (lhflux),
(e) soil temperature (tp1), and (f) total runoff. The RMSD is calculated using 3-hourly
model output during 1 July 2010 - 1 July 2014. The titles indicate the spatial mean (m)
and standard deviation (s) across each map.
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(a)enstda(sfmc): m=0.02, s=0.01 [m3/m3] (b) enstda/enstdm(sfmc): m=0.85, s=0.12 [-]
(c)enstda(rzmc): m=0.01, s=0.01 [m3/m3] (d) enstda/enstdm(rzmc): m=0.74, s=0.18 [-]
(e) enstda(tp1): m=0.99, s=0.51 [K] (f) enstda/enstdm(tp1): m=0.96, s=0.04 [-]
Fig. 12. (Left) temporal mean ensemble error standard deviation (enstda) for assimilation
case DA P and (right) ratio of ensemble error standard deviations (enstda/enstdm) in the
assimilation experiment DA P versus the model-only experiment OL P, for (a-b) surface soil
moisture (sfmc), (c-d) root-zone soil moisture (rzmc), and (e-f) soil temperature (tp1). The
values are based on 3-hourly estimates and averaged over the period 1 July 2010 - 1 July
2014. The titles indicate the spatial mean (m) and standard deviation (s) across each map.
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